Abstract. Sustainable agriculture largely depends on soil quality.
Introduction
Soil is an important nonrenewable natural resource on which humanity and most flora and fauna are dependent (Doran and Zeiss, 2000) . The ever increasing growth of the human population has brought about a global food safety problem, as obtaining greater efficiency per unit area has become an urgent necessity (Doran, 2002) . In developing countries, the intense use of land on the grounds of progress through fast economic development has resulted in serious limitations on the sustainable use of soils and created a major problem in soil quality (SQ) (Arshad and Martin, 2002) . Furthermore, the negative effects of land degradation from various causes on agricultural productivity and the indirect effects on environmental and food safety and quality of life have also become global problems. Increasing the amount of agricultural lands may seem to be a solution to fulfill the food demand. Conversely, the amount of agricultural land is already at a maximum level in most countries (Eswaran et al., 2001) . Thus, for both the resolution of this problem and the sustainable use of soils, it is much more important to focus on improving the SQ rather than increasing the amount of arable land (Rasheed et al., 1996; Yemefack et al., 2006) . SQ is defined as the capacity of the soil to sustain biological productivity and preserve the environmental quality and health of plants and animals within the boundaries of the ecosystem (Doran and Parkin, 1994) . Karlen et al. (1997) defined SQ as the soil's ability to support sustainable plant and animal production, improve human and environmental health, and enhance the quality of water and air as the function of the properties of each soil type, and they regarded it
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as the manifestation of the natural and dynamic properties of soils.
The efficient and sustainable usage of soils, which are among our most important natural resources, can be achieved by defining their properties through proper methods (Doran, 2002) , determining the restrictions that affect their productivity and the properties that affect sustainability (Doran and Zeiss, 2000) . Assessing and monitoring SQ can provide effective tools for determining the properties of degraded soil (Aronson et al., 1993; Bindraban et al., 2000) , revealing sustainable land practices for land managers (Karlen et al., 2011; McGrath and Zhang, 2003) and defining the elements needed for plant nutrition (Yu-Dong et al., 2013) . Thus, SQ has received great attention in recent years (Sinha et al., 2014) and the number of studies assessing SQ in different management and product systems has increased worldwide, developing several methods and scoring models for its determination (Andrews et al., 2004; Brandt and Thornes, 1996; Doran et al., 1997 Doran and Zeiss, 2000; Gugino et al., 2009; Hueso-González et al., 2014; Karlen et al., 1997; Larson and Pierce, 1991; Muñoz-Rojas et al., 2016a) .
In the past, SQ was accepted as the natural capacity of soil that provides the main plant nutrients (El-Ramady et al., 2014) . However, it is currently regarded as an immaterial property of soils due to its dependency on land usage and soil management practices, ecosystem and environmental interactions, socioeconomic and political priorities, and several other external factors . Thus, it is not possible to use a single soil property to digitize SQ. Conversely, the combined assessment of several parameters formed by the combination of certain soil properties provides important indicators for monitoring and assessing SQ.
In general, SQ parameters are defined as the processes and properties of soil that are sensitive to the changes in soil functions (Aparicio and Costa, 2007; . It is very important to establish simple, sensitive, and practical methods for the assessment of SQ and to select indicators accordingly. The quality parameters to be selected must correlate well with the natural processes in the ecosystem (Özulu et al., 2006) . They must also be related to the measurable soil functions (natural or human-based); be integrated with the physical, chemical, and biological properties and processes of soil; and be components of the current databases (Aparicio and Costa, 2007; Chen, 1998; Doran and Parkin, 1994; Dumanski and Pieri, 2000; Herrick and Jones, 2002; Muñoz-Rojas et al., 2016b) .
The following properties are reported to be suitable for use as SQ factors and indicators when studies on SQ are carried out: (a) physical properties such as texture, bulk density, water retention, aeration, compression, hydraulic properties, aggregation state, consistence properties, and surface crusting; (b) chemical properties such as pH, salt content, total organic carbon, total nitrogen, organic nitrogen, soluble carbon, mineral nitrogen, total phosphorus, extractable ammonium, nitrate, phosphor, potassium, calcium, magnesium, microelements, contaminants, and cation change capacity; (c) biological properties such as microbial carbon, microbial nitrogen, soil respiration, biological activity, enzyme activities, root development, germination, and growth; and (d) genetic properties such as soil color, type of structure, the thickness and depth of the impermeable layer that is genetically formed, the thickness of horizon A, and the depth of the clay accumulation horizon (Arshad and Coen, 1992; Blair et al., 1995; Brejda et al., 2000a, b; Burger and Kelting, 1998; Dick et al., 1996; Doran and Parkin, 1994; Fauci and Dick, 1994; Gregorich et al., 1994; Harris et al., 1996; Kay et al., 1996; Pierce, 1991, 1994; Linden et al., 1994; Powers et al., 1998; Qi et al., 2009; Reganold and Palmer, 1995; Rice et al., 1996; Turco et al., 1992) .
To digitize and reveal SQ, it is necessary to determine and score the measurable SQ parameters (Andrews et al., 2002 (Andrews et al., , 2004 Gugino et al., 2009) . Several properties affect the SQ in varying degrees (Doran and Parkin, 1994; Harris et al., 1996) and many of the abovementioned physical, chemical, and biological parameters are reported to be suitable for use as indicators (Arshad and Coen, 1992; Brejda et al., 2000a; Doran and Parkin, 1994; Fernandes et al., 2011; Karlen et al., 1997; Larson and Pierce, 1994; Lima et al., 2013) . Conversely, the concurrent use of all these properties as quality indicators is both impractical and contrary to the main principles of quality assessment parameters. advised that the number of indicators used to determine SQ should be as few as possible. In general, the greater the number of indicators, the more comprehensively the SQ can be determined (Nortcliff, 2002) . However, when a high correlation exists among the indicators, significant effects may emerge as a problem. Therefore, neglecting some indicators should be considered. However, to select or reject the most suitable indicators, several approaches have been proposed in order to maintain accuracy (Doran and Parkin, 1994; Li and Lindstrom, 2001) . Some authors have proposed the use of total data set (TDS) (Doran and Parkin, 1994; Karlen et al., 1997; Larson and Pierce, 1994) , whereas others suggest using a selected subset based on correlations among the parameters. The minimum data set (MDS) formed by representative indicators selected by various methods such as multiplevariant regression analysis (Doran and Parkin, 1994; Li and Lindstrom, 2001) , principal component analysis (PCA), factor analysis (Brejda et al., 2000b; Shukla et al., 2004) , and cluster analysis (Einax and Soldt, 1999) can be effectively used for the determination of SQ (Andrews et al., 2002; Govaerts et al., 2006; Rezaei et al., 2006) . Other authors stated that just as in the Delphi data set (DDS) (Zhang et al., 2004) , SQ could be determined by using the indicators that are selected according to expert views (Herrick and Jones, 2002) .
Although the Çumra Plain is one of the most important fluvial plains in Turkey, there is not sufficient data on the parameters needed to determine SQ in the Middle Eastern Anatolia region in Turkey. In this study, we aimed to select the parameters that could be used to establish SQ indexes in the studied region.
Materials and methods

Site description
The study area (Çumra Plain) is a part of the Great Konya Basin in Konya Province, Turkey, and is located on the Central Anatolian Plateau (X: 36 467 296-36 473 117 m; Y : 41 60 910-4 152 356 m; UTM36N/ED50). The alluvial plains and fans comprise the sediments of several rivers debouching into the southern part of the basin. The alluvial fans or inland deltas consist of sediments ranging from coarse sand to a heavy clay texture (sand = 17.00-61.00 %, silt = 11.00-40.00 %, clay = 18.00-60.00 %) (Driessen and de Meester, 1969) . The climate is semiarid with mild summers and very cold winters. The Konya meteorological station's long-term records show a mean annual precipitation of 296.8 mm, which mostly falls during winter and spring. The total evaporation is 996.6 mm year −1 , the mean annual temperature is 10.8 • C, and the mean annual soil temperature at 50 cm depth is 13.1 • C (MGM, 2014). The soil moisture and temperature regimes are xeric and mesic, respectively (Staff, 1999) .
Detailed soil investigation reports and maps (1 : 15 000) were used to determine the research area (De Meester, 1970; Meester, 1971 . When determining the study area on this detailed soil map that was prepared at series and phase levels, we considered the prevalence of the soil series. For this reason, the Alibey series, which covered the largest area in the region, was selected as the study area. This series consists of deep loamy-textured soils formed on the main alluvial fan of the May River (De Meester, 1970) . It covers an area of approximately 4000 ha, which represents 6 % of the Çumra Plain where irrigated farming (four rotations; cornwheat-sugar and beet-sunflower) is carried out and is approximately 1.023 m above sea level.
Soil sampling and analysis
The map of the series, including the coordinate information, was created to determine the points where soil samples would be taken. Samplings and measurements were carried out in two sampling periods on 108 parcels of land on which wheat and sugar beets were grown in the years 2013-2014.
A total of 108 soil samples were taken from 10 different points in each parcel at depths of 0-20 cm and mixed samples were formed for each parcel. Mixed samples taken from the surface to depths of 0-20 cm depth were divided into three subsamples, each of which weighed 1 kg (Gugino et al., 2009; Karlen et al., 2003) . One of these subsamples was dried, sieved, and used for chemical and physical analyses. The second was kept in the cooler at +4 • C for biological analysis. The third subsample was used for the determination of aggregate stability. Soil texture was determined by the Bouyoucos hydrometer method (Gee and Bauder, 1986) . Bulk density (Pb) was measured by the core sampling method (Blake and Hartge, 1986) . The pycnometer method (Blake and Hartge, 1986 ) was used to obtain the particle density (Pk) and bulk density and particle density were used to determine porosity (P ) (Danielson et al., 1986) . Field capacity (FC), was determined at 10 kPa (FC 10 ) and 33 kPa (FC 33 ) by the pressure plate method (Klute, 1986) . The permanent wilting point (PWP) was measured at 1500 kPa pressure (Klute, 1986) , and to obtain the available water (AW), the wilting point was deducted from the field capacities (FC 10 and FC 33 ). Aggregate stability (AS) was determined in a rain simulator (Gugino et al., 2009) . Penetration resistance was measured using an Eijkelkamp penetrologger, which is pushed under the soil by hand. Upper-layer penetration resistance (PR 0-20 ) was measured by taking the averages of the penetration resistance values at 0-20 cm depth, and lowerlayer penetration resistance ) was measured by taking the averages of the penetration resistance values at 20-40 cm depth. pH measurement was made according to the Comprehensive Assessment of Soil Health (CASH) manual procedure; thus, a 1 : 1 soil : water ratio was used. Electrical conductivity (EC) was measured using an electrical conductivity device in a 1 : 1 soil and pure water mixture (Kacar, 2009) . Total nitrogen was measured using a LECO CN-2000 device with the Dumas dry combustion method (Wright and Bailey, 2001) . Ammonium nitrogen (NH + 4 -N) and nitrate nitrogen (NO − 3 -N) were measured using the Kjeldahl device (Keeney and Nelson, 1982) . Available phosphorus (AP) was determined by the Olsen method (Olsen et al., 1982) . Extractable Ca, Mg, Na, and K were extracted using 1 N ammonium acetate solution, and available Fe, Cu, Mn, and Zn were determined with atomic absorption spectrophotometry through diethylenetriaminepentaacetic acid (DTPA) extraction (Kacar, 2009) . Organic matter was determined by using a LECO CN-2000 device with Dumas dry combustion (Wright and Bailey, 2001) . Active carbon was determined according to Blair et al. (1995) and Gugino et al. (2009) . Potential mineralizable nitrogen (PMN) was measured by Gugino et al. (2009) . Roots of germinated bean plants were removed from the soil at the end of the blooming period to determine the root health value (RHV) (Gugino et al., 2009 ). The following activities were determined: urease enzyme activity (UA) (Hoffmann and Teicher, 1961) , catalyzing enzyme activity (CA) (Beck, 1971) , dehydrogenase enzyme activity (DA) (Thalmann, 1968) , and soil respiration (R) (Isermeyer, 1952) . Moreover, mycorrhizal fungi (MSN) were isolated and counted using 30-40× enlarged microscopic images of the fungi in samples prepared by washing them through 38 µm sieves (Gerdemann and Nicolson, 1963) .
Indicator selection
Various methods were used to assess SQ and other environmental data, such as multiple-variable regression analysis (Doran and Parkin, 1994; Li and Lindstrom, 2001) , PCA, factor analysis (Brejda et al., 2000b; Shukla et al., 2004) , discriminant analysis (Brejda et al., 2000a) , and cluster analysis (Einax and Soldt, 1999) .
First the Kaiser-Meyer-Olkin (KMO) and Bartlett tests (Tatlidil, 2002) were conducted to check whether the data sets that were created based on these properties were in conformity with the PCA.
In the second stage, we used PCA among others to assess and monitor SQ. For this purpose, the total data set was previously divided in three groups to create the MDS from the total of 38 data sets obtained in the study. Physical properties were included in the first group, chemical properties in the second, and biological properties in the third. To determine the potential parameters that could be included in the MDS, MDS recommendations were prepared for each group by considering the component loads determined through PCA, correlation load totals, inter-data correlations, and analysis methods (Andrews et al., 2004; Doran and Parkin, 1994; Karlen et al., 1997) .
PCA was conducted for each of four data groups to create the MDS, and correlation matrixes of the data sets were established (Minitab, 1995) . When selecting the number of PCs, it is necessary to make selections so that the minimum number of PCs can explain two-thirds (67 %) (Tatlidil, 2002) of the total variance. This percentage can be increased up to 95 %. In the PC test, we used the number of PC for which the eigenvalue was > 1 and which explained two-thirds of the total variance. This is because one of the most commonly accepted rules is to select the number of PCs that meet the number of R matrix or S matrix eigenvalues that are greater than 1 (Tatlidil, 2002) . Therefore, the eigenvalues of the matrixes were found, and the same number of PCs were selected as the number of eigenvalues with values greater than 1. For selecting the PC properties to be used to create the MDS as quality indicators, we accepted as candidates for the MDS those properties whose PC values had the highest percentage in the component cluster for explaining the variance. Properties such as the PC loads, correlation load totals, inter-data correlations, and analysis methods were considered when determining the MDS. When deciding which ones to choose among the properties that are highly correlated, we considered issues such as whether the property would be practical and inexpensive and whether a relationship existed between that property and the other properties.
3 Results and discussion
General soil properties
Values of the physical, chemical, and biological properties obtained with the analyses are shown in Table 1 . The textures of soils ranged from sandy clay loam to clay. The average Pb value was measured to be 1.34 g cm −3 . The PR 20-40 values were above the limit, while the mean PR 0-20 values were not above the root limit value > 300 PSI (Gugino et al., 2009 ). All soils had alkaline character. EC value was found to vary between 243 and 1748 µS m −1 . The salt contents of soils were below 4000 µS m −1 and there were no salinity problems. All macro and micronutrient contents of the soil were above the limit value. The organic carbon contents of soils were found to be low.
KMO and Bartlett sphericity tests
KMO and Bartlett test results are shown in Table 2 . All properties had values above 0.5 (which confirmed a normal distribution of the data and suitability for the PCA) and passed the KMO and Bartlett tests. The following percentages were obtained at the end of the KMO test: 63.4 % for the physical properties, 66.7 % for the chemical properties, and 62.9 % for the biological properties. The Bartlett test results were significant for all the data sets (P value 0.000 < 0.05). These results showed that the physical, chemical, and biological properties were in conformity with the PCA and showed a high correlation among the variables (Karagöz and Kösterelioglu, 2015) .
Indicator selection and creating the minimum data set for physical properties
The PC analysis and correlation matrix of the selected chemical properties are shown in Fig. 1 and Table 3 , respectively. The first PC explained 43.7 %, the second PC 20.2 %, the third PC 8.9 %, and the fourth PC 7.90 % of the variance. As the four PCs explained 80.8 % of the total variance and had an eigenvalue ≥ 1.1113, these four PCs were selected. The properties that contributed most to the first PC were sand (−0.381), clay (0.294), FC 10 (0.354), FC 33 (0.379), and silt (0.294); the properties contributing most to the second PC were Pb (−0.457) and P (0.457); those contributing most to the third PC were PWP (−0.564), AWC 10 (0.359), and AWC 33 (0.523); and the properties contributing most to the fourth PC were PR 0-20 (−0.481) and PR 20-40 (−0.662). All these properties were qualified for selection as candidates for the MDS. However, in order to select the MDS, the component data loads, correlation load totals, inter-data correlations, analysis methods, and applicability were considered. According to these criteria, the correlation load totals of the candidate data in PC1 (sand, clay, FC 10 , FC 33 , and silt) were 4.352, 3.153, 3.897, 4.099, and 4.209, respectively. It is not possible to change the values of sand and clay in practice and they have no sensitivity against the periodic climate and land management changes. Therefore, these two properties were eliminated from the MDS. Among the other three properties, FC 33 was the first physical soil property selected for inclusion in the MDS as it had the highest correlation load (4.209), was extensively used, and showed correlation with 11 of the physical properties of soil (Table 4) . Furthermore, as the high values of FC 33 mean a greater accumulation of water in the soils, it is a quality indicator, particularly for dry and semidry regions, to show that plants are less affected by water stress. This will also be valid for other regions considering the cost-effective and sustainable use of water. The candidate PB and P data for PC2 had inner total correlation loads of 1.994. Because of a high negative correlation between these two candidate properties (R 2 = −0.994, p < 0.01; Table 4 ) and P was measured from Pb, Pb was selected as the second physical property of soil for inclusion in the MDS. The total inner correlation loads of the candidate properties of PC3 (PWP, AWC 10 , and AWC 33 ) were 1.200, 1.981, and 1.861, respectively. As PWP had the lowest total correlation load among these three properties and a high positive correlation existed between AWC 10 and AWC 33 (R 2 = 0.821, p < 0.000; Table 4), AWC 10 was included in the MDS for PC3. As the candidate data of PC4, PR indicated the compression at different depths in the soil; both parameters were included in the MDS.
Summarizing, FC 33 , Pb, AWC 10 , PR 0-20 , and PR 20-40 among the physical SQ parameters were included in the MDS, and among these selected properties Pb, AWC 10 , PR are present in common SQ assessment systems such as the Comprehensive Assessment of Soil Health (CASH) or Soil Management Assessment Framework (SMAF) (Gugino et al., 2009; Karlen et al., 1997) . These selected physical properties are used in the CASH and SMAF and they were also reported by many researchers as the quality indicators for parameters such as FC 33 that are not included in the CASH (Erkossa et al., 2007; Moncada et al., 2014; Rashidi et al., 2010; Sánchez-Navarro et al., 2015; Yang et al., 2010) .
Indicator selection and creating the minimum data set for chemical properties
The PC analysis and correlation matrix of the selected chemical properties are shown in Fig. 2 and Table 5 , respectively. According to this, the first PC explained 29 %, the second PC 19.4 %, the third PC 10.7 %, and the fourth PC 8.7 % of the variance. As these four PCs explained 67.8 % of the total variance and had an eigenvalue ≥ 1.3042, they were selected. The properties that contributed most to the first PC were EC (0.447), lime (0.335), and Mg (0.375); the proper- Table 4 . The total inner correlation loads of the candidate properties of PC1 (EC, lime, and Mg) were 1.585, 1.839, and 1.962, respectively. It was included in the minimum set together with lime that although the total EC correlation load was lower than the other two properties, as the PC load was higher, the region was located in a dry to semidry climate zone and significant salinization problems existed in certain areas. However, as Mg was highly correlated with EC (R 2 = 0.623; p < 0.01) and lime 0-20 (R 2 = 0.608; p < 0.01) (Table 4 ) and the Mg scopes of the soils subject to the study were above the sufficiency level in all samples, it was not included in the MDS.
The total inner correlation loads of the candidate properties of PC2 (Ca, Na, K, Cu, and Mn) were 3.019, 2.280, 2.891, and 2.131, respectively. As Ca had the highest total correlation load among these five properties and Mn remained below the level of sufficiency in certain samples (< 14.0 mg Mn kg −1 ; FAO, 1990) , it was included in the MDS. However, as the Cu and K contents of the soils were above the level of sufficiency in all samples (> 0.2 mg Cu kg −1 ; Follett, 1969 ; > 110 mg K kg −1 ; FAO, 1990) and Na was not a nutrient element, it was not included in the MDS. The total inner correlation loads of the candidate properties of PC3 (TN, AP, and Zn) were 1.244, 1.543, and 1.443, respectively. No significant correlation existed among these three properties, Zn remained below the sufficiency level (> 0.7 mg Zn kg −1 presence; FAO, 1990) , P was an important macronutrient element, and TN remained below the sufficiency level in most of the soils studied (< 0.09 % N); thus, they were included in the MDS for TN, AP, and Zn. The total inner correlation load of the candidate properties of pH and NO 3 -N was 1.425. Soil pH directly affects the usefulness of the nutrient elements. NO 3 -N was lacking in our soils, and when it is excessive, it might cause environmental health problems; it was therefore included in the MDS. Similarly, pH, AP, Mn, and Zn in CASH and SMAF were also accepted as SQ parameters (Andrews et al., 2004; Gugino et al., 2009 ). To summarize, EC, lime, Mg, Ca, Mn, TN, AP, Zn, pH, and NO 3 -N, among the chemical SQ parameters, were selected as the variables that could be included in MDS. Most of these selected properties are also used as quality criteria in the CASH and SMAF. Several other researchers reported that lime, Ca, TN, and NO 3 -N that are not used in these assessment systems could be used as quality indicators (Baridón and Casas, 2014; Benintende et al., 2015; Liu et al., 2014; Mojiri et al., 2011; Sánchez-Navarro et al., 2015; Shirani et al., 2015; Viana et al., 2014; Zdruli et al., 2014) .
3.5 Indicator selection and creating the minimum data set for biological properties
The PC analysis and correlation matrix of the selected biological properties are shown in Fig. 3 and Table 6 , respectively. The first PC explained 34 %, the second PC 23.2 %, and the third PC 15.3 % of the variance. As the three PCs explained 72.5 % of the total variance and had an eigenvalue ≥ 1.3738, these three PCs were selected. The properties that contributed most to the first PC were the amounts of UA (0.486), DA (−0.412), and MSN (0.461); properties that contributed most to the second PC were OC (−0.410), AC (0.411), and R (−0.426); properties that contributed most to the third PC were PMN (0.584), RHV (−0.506), and CA (−0.380), and these became candidates for MDS. The total inner correlation loads of the candidate properties of PC1, the levels of UA, DA, and MSN, were 2.248, 2.044, and 2.184, respectively. As urease had the highest total correlation load among these properties, UA was included in the MDS for PC1. Although DA was the second property with the highest correlation total, due to the presence of significant correlations between both DA and UA and between DA and AC and the difficulty of determining the amount of MSN, the latter two properties were not included in the MDS. The properties that contributed the most to PC2 were OC, AC, and R. The correlation load totals of these were 1.680, 1.043, and 1.671, respectively. Among these properties, R and OC, which had the highest PC coefficients, were included in the minimum set for PC2. Only PMN, RHV, and CA were selected as candidates for the PC3 data set. The correlation load totals of PMN, RHV, and CA were 1.269, 1.685, and 1.526, respectively. They were included in the MDS since the highest correlation load total was in the RHV. According to the results obtained, OC and R were accepted as SQ parameters in the CASH, and OC and R were accepted as SQ parameters in the SMAF (Andrews et al., 2004; Gugino et al., 2009; MoebiusClune et al., 2011) . Though urease activity among these selected properties is not listed in the CASH or SMAF, many other researchers reported that these could be used as quality Figure 3 . Result of PCA with biological properties of the soils. PCA, principle component analysis; OC, organic carbon; AC, active carbon; PMN, potential mineralizable nitrogen; RHV, root health value; R, respiration; UA, urease enzyme activity; CA, catalyzing enzyme activity; DA, dehydrogenase enzyme activity; MSN, mycorrhizal fungi. indicators (Baridón and Casas, 2014; Benintende et al., 2015; Masto et al., 2007; Saviozzi et al., 2001) .
Conclusions
This paper discusses the parameters that could be used to monitor the SQ in the Konya Çumra region, one of the most important agricultural areas in Turkey. This study is crucial for sustainable land management in the region as there is a serious lack of studies in this area assessing soil characteristics that can serve as soil quality indicators.
The study revealed the physical, chemical, and biological parameters that could be used to assess the SQ in the study area and in other areas. The MDS was created for the selection of indicators using the PC analysis for this purpose. FC 33 , Pb, AW 10 , PR among the physical properties; EC, Mg, lime, Ca, Mn, TN, AP, Zn, pH, and NO 3 -N among the chemical properties; and UA, OC, R, and root health among the biological properties were selected as indicators that could be used in the assessment of SQ. Score functions for the properties that exist in the CASH and SMAF among these parameters can be used in scoring. Conversely, other parameters such as FC 33 , lime, Ca, TN, NO 3 -N, and urease were also found to be suitable for use in assessing SQ. Consequently, scoring functions of these properties must be developed. In this study, the MDS method and principal component analysis were found to be appropriate statistical methods to select the quality indicators. This study evidenced that the selected properties could be used in determination and monitoring of soil quality and that PCA is the appropriate method for parameter selection in similar ecosystems in central Anatolia.
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